A modelling platform based on regression analysis is developed as a novel approach to structural health monitoring of welded joints of orthotropic bridge steel decks. Monitoring outcomes from the Great Belt Bridge (Denmark) are used to develop regression models following a weighted least squares approach to characterize the normal correlation pattern between environmental conditions (daily-averaged pavement temperatures), operational loads (daily-aggregated heavy traffic counts) and a strain-based performance indicator. The developed models can be used within a structural health monitoring-based asset management framework for performance assessment (i.e. diagnosis of structural performance changes) and performance prediction (i.e. prognosis of structural performance leading to service life estimates). The main novelty of the work presented consists of the development of an algorithm based on statistical control charts related to the prediction bands of the regression models. The algorithm enables the interpretation of new monitoring data and the identification of potentially abnormal behaviours via outlier detection, as part of an envisaged 'real-time' performance assessment application. The proposed approach to outlier detection through structural health monitoring is finally illustrated considering actual monitoring outcomes from the bridge. This highlights the applicability of the developed modelling platform and contributes to bridging the gap between monitoring data and monitoring-based information that can lead to more effective asset management decisions.
Introduction
In the context of deteriorating civil infrastructures and limited funds devoted to their maintenance and repair, it becomes of utmost importance to assess and predict as accurately as possible the performance of structural assets, in order to allocate in an efficient, ideally optimum manner the available resources. However, the assessment of civil structures is a complex task due to the stochastic nature of the underlying deterioration processes and the loading demands. Traditionally, visual inspections have been, and still are, used to reduce the uncertainties associated with structural deterioration. Nevertheless, performance assessment approaches based on visual inspections have some important drawbacks. For instance, they are inherently subjective since they are associated with the judgement of the inspectors, and they are intermittent in time and provide, in most cases, mainly qualitative information. Motivated by this, technological advances in the past decade have targeted the acquisition of reliable field data concerning environmental conditions, loadings and structural responses from a variety of civil infrastructure assets. This has instigated a step-change in the inspection and monitoring options on offer but has also brought about a technology overload. As a result, infrastructure managers are moving from a situation of scarce and qualitative data to a new one characterized by a plethora of quantitative data. Yet the paradox is that this situation can lead to difficulties if, for example, no relevant information is extracted from monitored data. Hence, the key issue associated with structural health monitoring (SHM) techniques nowadays is how to extract relevant information that can be incorporated into the decision-making process relating to the management of civil infrastructure.
From a general perspective, SHM approaches can be classified according to two main criteria. On one hand, they can be subdivided into global or local approaches. 1 Global approaches aim at detecting and locating damages by comparing the dynamic properties (e.g. natural frequencies and mode shapes) of a structure obtained at different times with those corresponding to a normal condition. The underlying idea is that any deterioration or damage in a structure will have an impact on its dynamic properties. An overview of global approaches to SHM can be found in the study by Carden and Fanning, 2 and examples of such approaches applied to bridge structures can be found in the studies by Brownjohn et al., 3 Feltrin et al. 4 and Peeters and De Roeck. 5 Global approaches have been successful when the extent of the damage was substantial. 6 Local approaches can be implemented on particular components with known deterioration/damage mechanisms occurring at pre-determined critical locations. Hence, they aim at quantifying, rather than locating, deterioration/damage in a structure. Examples of local approaches to SHM can be found in the studies by Casciati, 7 Ding and Li 8 and Iwasaki et al. 9 Through a different perspective, SHM methods can be divided into physical-based (also known as modelbased 10 ) and data-based approaches. Model-based approaches rely on an initial physical representation/ model of a structure (e.g. a finite element model), the parameters of which can be updated using the data provided by sensors. In contrast, data-based approaches involve the development of a statistical model which is not directly related to the underlying physical properties of a structure. For example, Sohn et al. 11 proposed a data-based approach to SHM using statistical process control. Barthorpe 12 compared model-and data-based approaches; in general, the former are suitable for prediction purposes and can be highly parameterized but do not easily accommodate the effect of uncertainties and require the development of specific models for each structure under consideration. On the other hand, databased approaches can be applied in a systematic manner to different assets once algorithms have been developed and can account for different uncertainty effects but would fail to predict unobserved situations (i.e. they extrapolate incorrectly).
Irrespective of the SHM approach taken, some common challenges exist. One of the most important is the changing environmental (temperature, humidity, wind, etc.) and operational conditions (live loads, etc.) to which structures are subjected. These variations have an impact on the measured signals, making data interpretation a complex task. In effect, failure to quantify the input-output relationship between environmental and operational conditions, on one hand, and structural responses (e.g. strains and displacements) or derived quantities (e.g. natural frequencies), on the other, can make it impossible to distinguish structural changes of interest due to damage/deterioration from changes induced by variability in operational and environmental conditions. 13 Several mathematical alternatives may be able to account for the environmental and operational effects, 13 with regression analysis being a suitable tool when there is abundance of data obtained under varying conditions. Since modern monitoring systems provide large amounts of data, regression analyses have been explored in several SHM applications. Within a global approach to SHM, Ko and Ni 14 and Peeters and De Roeck 5 used regression analysis to characterize the temperature dependence of natural frequencies. Within a local approach to SHM, Ni et al. 15 and Ding and Li 8 considered regression analysis to characterize the behaviour of expansion joints as a function of environmental and loading conditions. Moreover, Guo et al. 16, 17 carried out a linear regression analysis to describe the pattern between monthly-averaged S-N fatigue damages, monthly-averaged temperatures and traffic flow. Focusing on orthotropic steel decks (OSD), several studies can be found [18] [19] [20] dealing with strain monitoring at welded joints. This is essential due to fatigue-related problems that can develop over time at particular OSD details, such as welded joints between various subelements (e.g. plate and longitudinal troughs or longitudinal troughs and transversal beams). The fatigue behaviour of OSDs is a complex phenomenon because of the stochastic nature of the traffic load, their intricate geometry resulting in complex stress fields and the interaction between the deck surface and the steel deck, which has been investigated by several authors. 21, 22 Despite the increasing number of studies targeting strain monitoring at OSD joints, algorithms for data interpretation and performance assessment (periodic or continuous), in other words algorithms compatible with an SHM philosophy, are largely unavailable. In contrast, such algorithms focusing on other structural components can be found in the literature. For example, Ding and Li 8 considered statistical process control charts to assess the performance of bridge expansion joints. Sohn et al. 11 followed a statistical process control technique to identify plastic deformations of a concrete bridge column based on vibrational data, and Iwasaki et al. 9 employed similarity tests on response surfaces of monitored loads to detect the presence of damage in a monitored tunnel jet fan. This article develops a modelling platform for a novel local data-based approach to SHM of welded joints of orthotropic bridge steel decks. To elucidate its intended use, monitoring data from the Great Belt Bridge (Denmark) are presented and utilized. Specifically, a methodology is proposed to develop models via a weighted regression approach to characterize the normal correlation pattern between environmental conditions (pavement temperatures), operational loads (heavy traffic counts) and a stressbased performance indicator. Possible SHM applications of the developed framework are divided into performance assessment (i.e. diagnosis of structural performance changes) and performance prediction (i.e. prognosis of structural performance). Moreover, an algorithm based on statistical control charts defined by the prediction bands of the regression models is proposed for the interpretation of new monitoring data and the identification of abnormal behaviours via outlier detection, as part of an envisaged 'real-time' performance assessment application. Finally, the proposed approach to outlier detection for SHM is illustrated by correctly analysing an abnormal situation considering field data from the Great Belt Bridge. These examples emphasize the need to bridge the gap between monitoring data and monitoring-based information, so that asset management decisions can become more effective.
The SHM system of the Great Belt Bridge
The Great Belt Bridge (see Figures 1 and 2 ) is a suspension bridge in Denmark that was opened in 1998. It has a main span of 1624 m and a maximum hanger length of 177 m. Its cross section is formed by a closed steel box girder with an orthotropic deck, formed by longitudinal troughs and cross beams spaced every 4 m.
The existing SHM system on the bridge is extensive, recording simultaneously strains at selected welded joints of the OSD, pavement temperatures and traffic intensities. Moreover, the system has been operational for some years, thus providing an excellent platform for model development and detailed investigations.
Pavement temperature monitoring system
The pavement temperature monitoring system is installed at two different cross sections (see Figure 2) . Each cross section is instrumented with two sensors placed in the middle of the slow lane: one in the northern lane (sensors T1 and T3) and other in the southern lane (sensors T2 and T4). The sensors are embedded 1 cm into the pavement wearing course and record pavement temperatures every 5 min. Figure 3 displays the hourly-averaged pavement temperatures corresponding to sensors T1 to T4 during four consecutive days. As expected due to their proximity, the recorded time series are almost identical.
Traffic classification and monitoring
Since the bridge inauguration, the traffic on the Great Belt Bridge has been continuously increasing, exceeding an annual bidirectional traffic flow of 10 million vehicles since 2006. The crossing vehicles are automatically classified into different vehicle classes according to their dimensions at the toll system on an hourly basis. Table 1 summarizes the dimensional characteristics of the different vehicle classes. Figure 4 shows the number of passages per hour of vehicles corresponding to classes 2, 3 and 5 heading 
Strain monitoring system
The strain monitoring system of the bridge consists of an instrumented cross section, as shown in Figure 2 , intended at monitoring nominal stresses. The cross section is monitored by 15 uniaxial strain gauges (SGs) placed under the traffic lanes heading eastwards (see Figure 5 ). SG numbers 1, 3, 4, 6, 7, 9, 10, 12, 13 and 15 are used to monitor the transverse nominal strains at the trough-to-deck weld (SG-TD) and are placed at the mid-point between transversal cross beams. SG numbers 2, 5, 8, 11 and 14 are used to monitor the longitudinal nominal strains at trough splice welds (SG-TS). They are placed at 0.5 m from the nearest cross beam. The SGs numbered from 1 to 9 are placed under the slow traffic lane, whereas the rest are placed under the fast traffic lane. Figure 6 shows one particular detail of the SG system, together with the data acquisition units. The data from SGs are sampled at a frequency of 100 Hz in order to capture the strain cycles induced by the different axle configurations of the vehicles, as well as possible dynamic amplification effects arising from the vehicle-pavement interaction. Strain records are converted to stresses by assuming a linear elastic behaviour. Furthermore, the values of the strains are relative, since the SGs were installed when the bridge was already in operation (and, hence, dead load effects were already present). However, the influence of those effects is of minor importance when assessing the stress ranges for fatigue assessment. 23 Figure 7(a) shows a realization of the strain time series monitored at SG7 during a particular day. An overall trend is observed in the value of strains, which is caused by temperature variations experienced by the orthotropic deck. A similar behaviour was observed in the study by Ni et al. 23 Figure 7(b) increases the resolution focusing on a 100-min strain recording period at the same location. The passage of several heavy vehicles can be observed through the presence of sharp spikes. Finally, Figure 8 presents the stress time history corresponding to the passage of a single heavy vehicle at SG7. It is shown that the 100-Hz sampling frequency enables the identification of the individual vehicle axles. This is of utmost importance in determining correctly the stress range histograms, which are required for fatigue assessment, especially for the multi-axle Class 5 and 6 vehicles.
Proposed methodology

Background
The proposed methodology to SHM of welded bridge joints via regression models presented in this section relies on training and validation phases for model development. The training phase is associated with a complete set of monitoring data (strain, pavement temperatures and heavy traffic counts) known as the training dataset, from which the regression model parameters are estimated. A critical aspect of this phase is to input, as far as possible, a complete range of temperature and traffic conditions in order to capture accurately the input-output dependence. A different dataset, known as the validation dataset, is then used to verify and assess the performance of the regression models.
Further issues addressed in developing the methodology pertain to the aggregation (in the case of traffic counts) and averaging (in the case of temperature) of the monitored data. These are elucidated further in section 'Application of the proposed methodology', in relation to the specific applications considered.
A stress-based performance indicator
The performance of a welded joint in terms of applied stresses can be characterized by the following indicator D Dt (t) 
where Dt is an arbitrary time interval duration and Ds i is the ith stress range out of the total number of stress cycles (N c ) within the time interval ½t, t + Dt) calculated via rainflow counting from the monitored data. In order to mitigate against the effect of measurement noise in D Dt , stress ranges below 0.5 MPa are disregarded. Since the stress response of a particular weld depends on both the characteristics of the traffic load and the structural response at the point of interest, including the temperature-dependent interaction between the pavement layer and the steel deck, D Dt (t) can be seen to encompass the above-mentioned effects. From the perspective of an S-N fatigue analysis, D Dt (t) can be regarded as a conservative estimate of the fatigue loading, and hence proportional to the fatigue damage, assuming that the particular detail follows a single-slope S-N fatigue endurance curve in which the slope parameter m equals to 3, as applicable to many typical fatigue details. Several studies can be found in the literature following the same approach in addressing the fatigue assessment of details in metallic structures under variable loading. 24, 25 Weighted least squares regression Regression models are developed here to characterize the normal correlation pattern between pavement temperatures, heavy traffic counts corresponding to vehicle classes 5 and 6 and the stress-based performance indicator D Dt . In this regard, the following polynomial regression model is proposed for characterizing the relationship between the daily-aggregated heavy traffic counts B Dt , daily-averaged pavement temperatures T Dt and the associated stress-based performance indicator D Dt
where y = here, n is the number of available datapoints of the training dataset fT Dt , B Dt , D Dt g, t n is the time corresponding to the last set of monitoring data, p is the order of the model, u is the vector of model parameters, e is the vector of the unobserved model errors and Dt is the time period used for aggregation or averaging of the corresponding model variables. As it can be seen, the ratio D Dt =B Dt , that is, a normalized stress-based indicator proportional to the S-N fatigue damage per unit of heavy vehicle, is chosen to represent the dependent variable y, whereas T Dt is treated as the independent variable. The model parameters of the regression model of equation (2) can be first estimated, under an assumption of homoscedasticity, following an ordinary least squares approach as
However, due to temperature variations over time, which will be further described in sections 'The effect of temperature variation on stress ranges' and 'Development of regression models for SHM', the above hypothesis concerning the constant variance of the model residuals does not hold. In fact, although the estimates of the model parameters obtained under nonconstant variance are unbiased, the standard errors calculated under such conditions are biased. This may lead to bias in the calculation of the model prediction bands, which quantify the uncertainty in the value of the dependent variable y(D Dt =B Dt ) given a particular value of the independent variable T Dt . This would limit the ability of the model to be used in performance assessments, as further developed in section 'Algorithm for data-based performance assessment'.
In order to tackle the non-constant variance problem, a weighted least squares approach to parameter estimation is undertaken. Following such an approach, model parameters u W can be estimated as
where W is the weight matrix defined as and w i is the weight associated with the ith observation and proportional to the variance of the ith observation
The w i terms can be estimated by analysing the temperature dependence of the variance of the residuals obtained from the ordinary least squares regression. The analysis of the temperature dependence of the standard deviations of the residuals performed considering the field data described in section 'Application of the proposed methodology' suggests that they can be approximately taken as proportional to the estimated value of y i calculated via equation (7), hence
For the envisaged SHM-based modelling platform, important quantities associated with the regression models under development are the confidence and prediction bands, further elaborated in section 'Algorithm for data-based performance assessment'.
Confidence bands m yjT 0 place limits on the mean value of the dependent variable y (D Dt =B Dt ) at a given value of the independent variable T Dt . Following the notation used herein, they can be computed as
where
here, T 0 is a given vector of independent variables for which m yjx 0 is calculated, s(ŷ x 0 ) is an estimate of the standard error of m yjx 0 , s 2 w is the weighted residual variance, t is a t-probability distribution of n À p À 1 degrees of freedom and a is a parameter to denote a (1 À a)% confidence interval.
Prediction bands y T 0 are confidence limits on a new value of y at a given T Dt . They can be calculated as
where s 2 tot is an estimator of the total variance of y x 0 and w T 0 is the weight corresponding to T 0 . Draper and Smith 26 provide a comprehensive overview of the theory associated with regression analysis.
Since competing models (i.e. models with different orders p) can be found to describe a given training dataset, corrected Akaike information criterion values (AICc) can be computed for the different models considered, that is, models with p varying from 1 to 4. The model with the lowest AICc value can be considered as the one performing the best.
SHM-based asset management framework
The regression models described in the above section can be used for two main applications within a SHMbased asset management perspective: performance assessment and performance prediction. Table 2 summarizes the data required for each application and their potential use in an asset management context.
The first application of the data-based models developed using a suitable training dataset (e.g. full annual data or specific monthly/seasonal data) is the assessment of the performance of a monitored weld, that is, to interpret new/additional monitoring outcomes and identify behaviours differing from the normal correlation pattern characterized by the corresponding training dataset. In consequence, the data-based performance assessment application requires all traffic, temperature and strain data. If monitoring data is acquired on a real-time basis (e.g. through a SHM system installed in long-span bridges), such a data-based performance assessment can be carried out continuously. The formulation of an algorithm for the performance assessment application is given in section 'Algorithm for data-based performance assessment' and an illustrative example in section 'Detection of outliers'.
The second model application concerns the prediction of the quantity D Dt , shifting the focus from present situations (typically dealt with the performance assessment application) to past or future events. The history of a monitored joint can be generated by inputting known or simulated temperature and traffic conditions (T Dt and B Dt ) in the regression models, for example, as shown in Figure 18 . The interest from an asset management perspective includes the computation of 'historical' fatigue damages over past periods to estimate the current condition of a weld, as well as forensic analysis (e.g. understanding why a particular location seems to experience different fatigue damage from another).
The prediction of future events can be done by inputting simulations of future T Dt and B Dt sequences into the regression model. This can be used to generate estimates of the remaining fatigue life within a probabilistic framework, schedule appropriate inspection plans and justify potential life extensions. 27 Figure 9 shows a flowchart summarizing the methodology used to develop the regression modelling platform, as well as the associated SHM-based asset management. It is noted that the maximum order of the polynomial p to be considered while assessing the performance of competing models shall be determined on the basis of engineering judgement according to the correlation pattern of the monitored data.
Algorithm for data-based performance assessment
The criterion used for performance assessment is based on the statistical properties of the prediction bands of the regression models which are assumed to have been developed using an appropriate training dataset. According to the theory of linear regression, the t-distribution of the normalized model residuals (see equation (16)) can be approximated (as the degrees of freedoms increase, for example, DoF . 30) by a Figure 9 . Flowchart of the modelling platform for SHM and associated applications. 
The probability distribution of Z can be used to determine upper and lower limits (L) corresponding to 100 1 À a ð Þ% confidence region
where F À1 ( Á ) is the inverse cumulative distribution function (CDF) of the standard normal random variate Z. Thus, any incoming, that is, new, monitoring data that fall outside these bounds are deemed to be outliers, and their cause would need to be investigated. Depending on the asset management regime and the SHM sampling rates, this process could be undertaken periodically, continuously or even in 'real time'.
The flowchart summarizing the methodology for performance assessment based on outlier detection is presented in Figure 10 . The assessment process can be carried out by plotting the time series of the standardized monitored residuals together with the corresponding upper and lower bounds. Evidently, a correct estimation of s 2 tot is important, and modelling hypotheses (e.g. robustness of the training set) need to be verified. Moreover, the confidence level a should be specified bearing in mind the type of structure, the limit state and the anticipated consequences from the presence of potential outliers.
Owing to the data-based nature of the developed regression models, the algorithm for performance assessment could be applied in a systematic manner to a variety of welded joints in different locations but under similar correlation pattern between strains, heavy vehicle counts and pavement temperatures.
The detection of an outlier given the confidence level a suggests the existence of an abnormal behaviour, flagging an unexpected response deviating from the reference pattern. In general terms, the presence of outliers does not necessarily imply that some structural damage has occurred. In effect, there are different causes resulting in outliers, as described in section 'Detection of outliers'. On the other hand, a considerable number of outliers can indicate a permanent change from the reference pattern. Such situations can be used to inform management actions in order to identify the underlying cause of the abnormal behaviour, assess the validity of the performance predictions carried out with the existing regression model and eventually evaluate the need to regress a new model with a new training dataset.
The assessment methodology described herein is not capable of identifying the cause behind a particular outlier, but only to report on whether the system is responding as expected. This tends to be the usual situation while developing data-based SHM algorithms for civil infrastructure, 11 since data from a known damaged situation is rarely available. Therefore, it is worth o Figure 10 . Flowchart for performance assessment.
pointing out that understanding what lies behind the presence of an outlier will require the use of additional techniques (e.g. visual inspections or non-destructive evaluation) used in conjunction with engineering judgement and other sources of information. In this respect, as generally acknowledged, SHM-based techniques cannot be used in isolation but as a complement to other available tools.
Application of the proposed methodology
Dataset selection and data grouping
The training dataset used to illustrate the proposed methodology corresponds to the year 2012 and the validation dataset to the year 2011. Table 3 summarizes the characteristics of the datasets considered. Their sizes are determined from the number of days with complete availability of traffic, strain and temperature.
Given the different sampling rates for the monitored parameters, it is first necessary to establish a relevant time duration Dt, over which the data can be aggregated (traffic counts and indicator D Dt ) or averaged (pavement temperatures) to form the basis for a regression analysis dataset. The time duration Dt used to characterize D Dt has been chosen to be 1 day (i.e. 24 h). In consequence, pavement temperatures have been averaged over 24 h to determine the daily-averaged pavement temperature T Dt . Similarly, heavy vehicle counts for classes 5 and 6 have been aggregated over 24 h to determine the daily vehicle counts B Dt . Further considerations regarding the selection of the size of Dt are discussed in the study by Farreras-Alcover. 27 
Determination of stress ranges and performance indicator
The stress ranges are computed by applying the rainflow counting algorithm to the monitored strains duly converted to stresses according to the American Society for Testing and Materials (ASTM). 28 Due to computational constraints, sequences of 500 datapoints at a time are considered for the application of the cycle counting algorithm. With a sampling frequency of 100 Hz, this represents a sampling duration of 5 s and leads to stable results given the time required by heavy vehicles to pass over the monitored welds (e.g. less than 1 s, as it can be seen in Figure 8) . Figure 11 (a) shows a typical stress range histogram, with a bin size of 0.5 MPa, obtained using the available data for year 2012 at SG1. The different stress ranges were recorded under different ambient (pavement temperatures) and operational (traffic) conditions. As it can be seen, the vast majority of stress cycles correspond to low amplitudes, induced by light vehicles. This has also been observed in other studies. 24, 29, 30 The upper tail of the histogram (see Figure 11(b) ) is associated with the passage of heavily loaded Class 5 and 6 vehicles. The effect of temperature variation on stress ranges
Stress levels induced by traffic loads at the welded joints of OSD with an asphaltic surfacing are a function of the pavement temperatures, due to the temperature sensitivity of the pavement stiffness. In effect, the stiffness of asphaltic pavements decreases with increasing temperatures. This leads to a reduced response in terms of strains at welded joints during cold conditions, since stiffer surfacings contribute more significantly to resisting the traffic load, as investigated by Kolstein and Wardenier, 21 Medani, 22 De Jong 31 and Song and Ding 20 Figure 13 shows a scatter plot of the hourly maximum stress ranges against the corresponding hourlyaveraged pavement temperature for a typical annual temperature range at the Great Belt Bridge site (from 212°C to 43°C) that confirms the temperature dependence of stress ranges at welded joints of OSD. The analysis of the residuals obtained from the models indicated the violation of one of the assumptions of linear least squares regression. Namely, the magnitude of the residuals was not constant, but it increased with increasing values of the explanatory variable T Dt . This is evident from the funnel shape of the residuals shown in Figure 14(b) . Figure 15 shows the confidence and prediction bands for a p = 4 regression model obtained following the weighted least squares methodology proposed in section 'Proposed methodology' and using the training dataset for SG1. Both predictions and confidence bands increase in regions of high temperatures and/or in regions with a reduced amount of data. From a conceptual point of view, the scatter existing in the regression models and characterized by the prediction bands is due to the existence of measurement device uncertainties and other effects not considered as explanatory variables (e.g. wind and humidity) in the regression models. In this regard, the main uncertainty contributor arises from the traffic classification system. In effect, the consideration of weigh-in-motion data characterizing the actual axle load instead of the vehicle classes provided by the current traffic monitoring system would enable a narrowing of the prediction bands. In turn, this could reduce the risk of detecting outliers due to changes in the traffic composition, as described in section 'Detection of outliers'.
Development of regression models for SHM
An analysis of the weighted residuals is performed to verify the modelling hypothesis (i.e. independence, normality and equal variance of the regression residuals) and the validity of the results using the revised formulation offered by equation (8) . Figure 16 shows the scatter plot, the autocorrelation function (ACF) and the normal probability plot of the weighted residuals obtained from this model and the data shown in Figure 15 . As it can be observed, the residuals are now reasonably well described by a zero-centered, constant variance normal distribution. The analysis of the ACF considering the maximum length of consecutive residuals (64 points) reveals very weak autocorrelations at lags 12 and 13. Thus, the assumption of independent residuals is also considered to be fulfilled. Figure 17 shows the monitored values of D Dt , their corresponding predicted values given the monitored quantities T Dt and B Dt and the associated confidence and prediction bands at SG1 for a subset of the training dataset. Figure 18 presents the same quantities for a subset of the validation dataset. It can be observed that the actual monitored values of D Dt all fall within the 95% prediction band for the considered subset of the validation dataset. This illustrates the predictive capabilities of the developed models and the fact that, for this snapshot, the welded joint behaviour has not altered in comparison with that captured by the training data. 
Detection of outliers
There are several causes that can alter the input-output relationship between heavy traffic levels, pavement temperatures and the stress-related performance indicator D Dt captured by the regression models and lead to statistically significant differences, that is, outliers.
A modification in the properties of the heavy vehicles (e.g. weights of the axles, number of axles and transversal vehicle position) may result in outliers. This is because the variable used to characterize the traffic load, that is, the counts of heavy vehicles B Dt , does not capture such properties. This could be improved by capturing more data to characterize the traffic properties (i.e. axle weight and number), thus overcoming current model limitations. Such data could, for example, be obtained from a weigh-in-motion station installed in the proximity of the monitored welded joints.
The existence of structural deterioration, for example, changes in the pavement layer or in the steel (fatigue cracks, corrosion) can potentially lead to the presence of multiple outliers. Additional surveys (e.g. visual inspections or non-destructive tests) would be needed to confirm and classify possible deterioration mechanisms. Such structural changes would generally occur over long time periods, thus requiring appropriate datasets from different points during the bridge's service life to be made available.
Another cause that cannot be disregarded is the effect of sensor malfunctions. In effect, any data-based approach relies on the quality and reliability of the measured data. Any degradation of the sensors affecting the data being recorded will also be detected as an unexpected response. In this sense, the assessment phase can be also regarded as an indirect tool to verify the correct operation of the monitoring equipment. This is of interest in asset management, since service life predictions based on erroneous or deteriorating monitoring data would inevitably lead to inaccurate performance estimates that need to be identified and discarded.
The proposed assessment methodology is illustrated considering the regression model for SG8. Figure 19 shows the control chart corresponding to a subset of the training dataset at SG8 considering a 99% confidence region defined by the upper confidence limit (UCL) and lower confidence limit (LCL). An outlier is detected corresponding to the monitored data obtained on 15 May 2012. The normalized residual is positive, implying that the actual monitored value of D Dt is lower than the model prediction. After consulting the traffic management team of the Great Belt Bridge, it was confirmed that on that date the traffic on the slow lane heading eastwards was diverted into the fast lane from 07h00 until 20h00. This change in the transversal vehicle positions was the cause behind the 'abnormal' behaviour.
Conclusion
A modelling platform for a novel data-based approach to SHM of welded joints of orthotropic bridge steel decks has been presented. Monitoring outcomes from the Great Belt Bridge (Denmark) have been used to develop regression models following a weighted least squares approach to characterize the normal correlation pattern between environmental conditions (dailyaveraged pavement temperatures), operational loads (daily-aggregated heavy traffic counts) and a stressbased performance indicator.
The asset management scenarios for which the developed models are applicable have been divided into performance assessment (i.e. diagnosis of structural performance changes) and performance prediction (i.e. prognosis of structural performance leading to fatigue life estimates). The novelty in this work consists of developing an algorithm based on statistical control charts defined by the prediction bands of the regression models for interrogating new monitoring data and flag abnormalities, that is, for the performance assessment application, via outlier detection. Although the proposed algorithm is not capable of identifying the cause behind a particular outlier, it is able to assess whether the system is behaving as expected. Its potential is illustrated considering actual monitoring outcomes from the Great Belt Bridge.
An advantage of the proposed methodology is that due to its data-based nature, it can be applied to other assets, for which a refined structural model might be unavailable or costly to develop. However, it is important to stress that it relies on the quality and representativeness of a comprehensive training dataset with which the normal behaviour pattern is characterized.
